The Great Recession of [2007][2008][2009] has not only caused a large wealth loss, it was also followed by a sluggish subsequent recovery. Two years after officially emerging from the recession, the economy was still growing at a low pace and payroll employment was far from reaching its previous peak. However, assessment of the employment situation was markedly different across different series. The two most important employment series, payroll employment (ENAP) and civilian employment (TCE), have recently been displaying divergent patterns. This has been a source of great uncertainty regarding labor market conditions. This paper investigates the differences in the cyclical dynamics of these series and the implications for monitoring business cycle on a current basis. Univariate and multivariate Markov switching models are applied to revised and real time unrevised data. We find that the main differences across these series occur around recessions. The employment measures have diverged considerably around the last three recessions in 1990-1991, in 2001, and in 2007-2009, but especially during their subsequent recoveries. In particular, while the probabilities of recession for models that include ENAP depict jobless recoveries, the probabilities of recessions from models with TCE fall right around the trough of the last three recessions, as determined by the NBER. This significantly impacts the identification of turning points in multivariate models in sample and in recursive real time analysis, with models that use TCE being more accurate compared to the NBER dating, and delivering faster call of troughs in real time. Models that include ENAP series, on the other hand, yield delays in signaling business cycle troughs, especially the most recent ones.
Introduction
Aggregate employment is one of the most important indicators of current macroeconomic conditions. The U.S. Bureau of Labor Statistics (BLS) publishes the comprehensive "Employment Situation" reports on a monthly basis, which are closely followed by policymakers, economic and financial market analysts, the media, and the public at large. These reports are based on two surveys from which the BLS collects two main sets of employment data every month. The Employment on Non-Agricultural Payroll series (ENAP or 'payroll employment') is based on a survey of business establishments, and questions employers about how many jobs are counted on payrolls. The Total Civilian Employment series (TCE or 'employment') is based on a survey among households, and entails asking questions of a sample of households each month over the telephone on the number of people employed. This survey is also used to calculate the unemployment rate.
Although these two separate surveys of employment had historically given similar assessment of the U.S. labor market performance, this has changed considerably, especially since the early 1990s. The conflicting information from these surveys has significantly contributed to the uncertainty about economic conditions around business cycle turning points, and has played an important role in influencing government's economic policy, businesses and consumers' economic planning, the dynamics of financial markets, and even presidential elections and evaluation of presidential performance. This paper investigates the extent of the divergences and convergences in these series, with a particular focus on their cyclical dynamics across stages of the business cycle, and on their turning points compared to aggregate economic conditions, using revised and real time data. Our goal is to evaluate the possible implication of these potential differences for U.S. business cycle monitoring.
There are several reasons why these two series may diverge at some points in time, which are related to differences in conceptual definitions and measurement of labor conditions, as well as methodologies underlying the two surveys. The reliability and differences between these two series can be particularly accentuated in real time. The ENAP series only includes job destruction and creation with a lag, it does not include self-employment, contractors, limited liability companies, or off-the-books employment, and it double counts jobs if a person changes jobs within a payroll survey reference period. These can be very important cyclical factors around business cycle turning points. In particular, the first three can lead payroll employment to signal a more severe recession and delay detection of a recovery, while the fourth one can overestimate employment around peaks. In addition, the first release of ENAP is preliminary and undergoes substantial revisions in subsequent months. There is also a significant revision of this series once a year when the smaller initial sample collected is adjusted by using as a benchmark the universe count of employment derived from Unemployment Insurance Tax Records that almost all employers are required to file. These corrections make real-time data on ENAP very different from the revised versions. Thus, although the revised ENAP may be a good indicator of labor conditions ex-post, its performance in real time is compromised by these problems. 1 We start our analysis by investigating the cyclical properties of each of the employment series individually. Business cycle turning points in payroll employment and total civilian employment are obtained from univariate Markov switching models (MS) fitted to the growth of the employment series, and from the Bry and Boschan (1971) algorithm applied to their level.
These turning points are compared with those established for the aggregate economy by the NBER. 2 Next, we investigate how the inclusion of the alternative employment series contribute or modify multivariate inferences regarding the timing of aggregate business cycle turning points.
We use the dynamic factor model with regime switching (DFMS) applied to the four monthly coincident variables used by the NBER in dating business cycle turning points: industrial production, real manufacturing and trade sales, real personal income, and employment. This is one of the most successful models in predicting turning points in sample or in real time (see, e.g., Chauvet 1998 , Chauvet and Hamilton 2005 , and Chauvet and Piger 2008 . 3 We compare the results obtained from a specification that includes ENAP with one that uses instead TCE.
1 See, for example, Chauvet and Hamilton (2005) and Haltom, Mitchell and Tallman (2005) . The BLS has acknowledged problems with its sampling methodology regarding job turnover in the Establishment survey. In addition, it has created an alternative employment series that corrects for population trend and addition of nonfarmer workers in the TCE series (Di Natale, 2003; U.S. Department of Labor, 2004) . This is discussed, e.g., in Juhn and Potter (1999) and in the comprehensive summary of these results by Kane (2004) . While the correction by the BLS brought these two series closer together in level, important cyclical differences remain. The adjusted series shows a deeper decline during the last two recessions compared with payroll, and a faster recovery after their end. 2 The NBER uses several coincident series to date business cycle turning points such as measures of output, employment, income, and sales. Regarding employment, the focus is mainly on ENAP, although TCE is also taken into account: http://www.nber.org/cycles/july2003/recessions.html. 3 The probabilities of recession from the DFMS model are updated on a monthly basis and posted at Chauvet's website (using ENAP and TCE): https://sites.google.com/site/crefcus/probabilities-of-recession and at Piger 's We find that while during robust economic growth these surveys convey similar information about labor market conditions, the two employment measures have increasingly diverged in the recent period. In particular, the difference in the dynamics of these series became more accentuated around the last three recessions in 1990-1991, in 2001, and in 2007-2009 Thus, the evidence found in this paper indicates that at the very uncertain time surrounding the end of recessions, especially during recoveries, TCE can be a more reliable series than ENAP. Although TCE is more volatile and yields low signal to noise ratio in univariate models, this drawback is mitigated in multivariate models, for which the real time reflection of labor market conditions conveyed by this series can be effectively exploited.
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The remainder of this paper is organized as follows. The second section presents univariate analysis of turning points of the two employment measures, payroll and total civilian employment. The third section studies how inclusion of these different employment measures in a multivariate setting influences turning point analysis using revised or real time data, and presents comparisons for the last few recessions. The fourth section concludes.
Univariate Analysis of Turning Points in Payroll and Total Civilian Employment
In this section we investigate the coincidence of turning points in payroll employment (ENAP) and total civilian employment (TCE) with business cycle turning points established for the aggregate economy. To highlight the cyclical properties of each series individually, we focus in this section on univariate analysis only. In the next section we investigate how the alternative employment series contribute to multivariate inference regarding the timing of aggregate business cycle turning points.
In order to measure aggregate business cycle turning points, we use the monthly dates of business cycle peaks and troughs established by the Business Cycle Dating Committee of the National Bureau of Economic Research (NBER). 6 To measure turning points in each employment series, we use a two-regime Markov-switching model, which was popularized for modeling regime shifts in economic activity between expansion and recession phases by Hamilton (1989) . For robustness, at the end of this section we consider an alternative, nonparametric technique for dating turning points in a series due to Bry and Boschan (1971) .
The Markov switching model we use models employment growth as arising from two regimes that differ by their mean growth rate. In particular:
where t e is a measure of employment growth,
is a state variable that governs the regime, and changes in t S generate turning points in the employment series. The state variable t S is unobserved, but, as in Hamilton (1989) , we assume that it follows a first order Markov process with transition probabilities:
Given the Markov assumption, these transition probabilities completely describe the probability distribution of t S . As discussed in detail in Hamilton, Waggoner and Zha (2007) , an additional normalization assumption is needed to identify the model in (1). 
, suggesting the high and low employment growth regimes can be interpreted as "employment expansion" and "employment recession" regimes respectively, and switches of t S from 0 to 1 and 1 to 0 represent peaks and troughs in employment.
The model in (1) is quite simple, in that the regime switches in employment are experienced in the mean growth rate only, and there are no dynamics in employment beyond that generated by the Markov regime switching process. Hamilton's (1989) original model, which was applied to real GDP growth, assumed linear autoregressive dynamics in addition to Markov-switching in mean, while a number of authors have allowed for regime switching in the variance of the disturbance term. We focus on the simple model here as it has been shown in previous work, e.g. Chauvet and Piger (2003) , to capture regime-switching in alternative series of economic activity that mimic traditional notions of expansions and recession, and is quite robust to structural changes in the economy, such as the so-called "Great Moderation" in the volatility of economic activity measures.
We estimate the model in (1) using both monthly ENAP growth and TCE growth, defined as the log first difference of the level of monthly ENAP and TCE multiplied by 100. Our ENAP and TCE growth series extend from February 1959 to March 2010, and are taken from the April 2, 2010 data release. Estimation is conducted via maximum likelihood using the recursive filter developed in Hamilton (1989) . To draw inference on the unobserved state variable, we construct smoothed probabilities, which are probabilities regarding the value of t S conditional on all employment data in the sample. These smoothed probabilities, denoted  
are constructed using the filter in Kim (1994) .    are -0.15 and -0.13 for ENAP and TCE, which correspond to annualized growth rates of approximately -1.8% and -1.6%. Thus, both expansions and recessions appear to be more accentuated for ENAP growth as compared to TCE growth. The transition probability estimates also suggest that recession phases last longer for ENAP than TCE. Specifically, the expected duration of the recession regime, given by 11 11 1 p p  , is 14 months for ENAP and 11 months for TCE. This is consistent with the phase duration as obtained from the smoothed probabilities as discussed below.
The estimates in Table 1 suggest that expansion and recession regimes are more clearly identified for ENAP growth than for TCE growth. One way to see this is through the metric
, which gives the size of the switch in mean growth rates measured relative to the size of the standard deviation of the model disturbance term. This can be interpreted as a signal to noise ratio, as it measures the size of the signal sent by a phase shift relative to the noise produced by the model disturbance term. This signal to noise ratio is 2.2 for ENAP and 1.0 for TCE, which, given the assumed normality of the model disturbance term, is a substantial difference. A typical shift in mean growth rate observed for ENAP growth would be unlikely to be interpreted as a shock to the disturbance term, as a 2.2 standard deviation shock would correspond to a low probability event for a normal distribution. However, for TCE growth this is not the case, as a typical shift in mean growth rate is equivalent to only a 1.0 standard deviation shock to the disturbance term. The reason for the higher signal to noise ratio for ENAP growth is partly due to a larger absolute value for 1  , but also due to a much lower estimated value for the standard deviation of the model disturbance term, which is nearly half that for TCE growth. This suggests that there is less variation in ENAP growth left unexplained by the Markov-switching process than for TCE growth. Figure 1 shows the smoothed probability of recession for both measures of employment, that
From the top panel, we see that the probabilities of recession from ENAP growth are very sharply defined, as there are few instances where the probability of recession is far from 0 or 1. This is consistent with the large signal to noise ratio for ENAP growth discussed above. In terms of coincidence with the NBER turning points for the aggregate business cycle (shaded in the graph) there is a mixed picture. 7 The recession and expansion phases in ENAP growth are generally associated with NBER defined turning points, the one exception being a recession in ENAP growth in 1959 that did not correspond to a NBER recession. The timing of recessions in ENAP growth is close to those for the aggregate business cycle in some cases, most notably recessions early in the sample. However, for the last three aggregate recessions in the sample, the timing of the employment recession, particularly the date of the trough, is shifted significantly later from that for the aggregate recession. This is consistent with the well publicized "jobless recoveries" associated with recent recessions.
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From the bottom panel of Figure 1 , the smoothed probabilities from TCE growth are less clearly defined than those for ENAP growth, with many more instances of probabilities that fall near 0.5. Again, this is consistent with the relatively small signal to noise ratio for TCE growth discussed above. The recessions in TCE growth also differ from ENAP growth in terms of their coincidence with the aggregate reference cycle. Like those for ENAP growth, the recession probabilities for TCE growth tend to move upward around NBER recessions. However, unlike ENAP growth, the probabilities for TCE growth generally improve on their ability to match the NBER reference cycle later in the sample. In particular, for the first two recessions in the sample, the TCE recession probabilities remain quite low, and indeed remain below 50% for the remainder of the 1970 recession. However, for the last five recessions, the TCE probabilities are roughly coincident with the dates established by the NBER. This is in contrast to the ENAP recession probabilities, which remained high long after the end of the last three aggregate recessions. As a consequence, the average duration of recessions as measured by the average months in which the probabilities of recession are above 0.5 is 16 months for ENAP and 11 months for TCE. Table 2 provides more specifics regarding the dates of turning points in the employment series relative to the NBER turning points. In particular, Table 2 gives peak and trough dates in both employment series, where we establish a peak date when the smoothed probability of 7 As of the writing of this paper, the NBER had not yet determined the date of the trough of the 2007-2009 recession. In all figures that involve NBER shading, the trough of this recession is dated to June 2009. This is consistent with model-based techniques for establishing aggregate business cycle dates that have good performance at mimicking the NBER (e.g. Chauvet and Piger, 2008) , as well as with comments made by members of the NBER's business cycle dating committee (Gordon, 2010) . 8 This is also found in the recent paper by Summers and Warren (2011). recession rises above 0.5 and a trough when the recession probability moves below 0.5. The top panel of Table 2 provides this detail for peaks, while the bottom panel is for troughs.
From the top panel of Table 2 , there is not a strong average difference in the coincidence of peaks in ENAP growth and TCE growth with NBER peaks. Both measures of employment have an episode early in the sample where they either experience a non-NBER recession (ENAP growth in 1959) or miss a NBER recession (TCE growth in 1970) . For the remainder of peaks, the average and average absolute deviation from the NBER peak is similar across employment measures. Again, however, there does appear to be some changes over time in the relative coincidence of the employment measures with the aggregate business cycle. Recession peaks from ENAP growth are closer to NBER peaks early in the sample, while those from TCE growth are closer in more recent recessions.
From the bottom panel of Table 2 , the dates of employment troughs are closer to the NBER trough dates for TCE than for ENAP. For example, the average absolute discrepancy between ENAP troughs and NBER troughs is nearly 5 months, but is only 1 month for troughs in TCE.
Closer inspection reveals that the relatively closer coincidence with NBER trough dates for TCE is coming entirely from recent recessions. In particular, troughs for both measures of The above results were based on the use of Markov-switching models to establish turning point dates in the alternative employment series. Table 3 presents results instead based on the nonparametric algorithm of Bry and Boschan (1971) , which, roughly speaking, identifies turning points in the level of a time series as local minima and maxima in the path of the time series.
Results using this algorithm are roughly similar to those using the Markov-switching model. In particular, as compared to ENAP, turning points using TCE have gotten relatively more coincident with the NBER turning points over time, and this increased coincidence is most notable at business cycle troughs. 
Employment and the Business Cycle -Evidence from Multivariate Analysis
In this section we study the differences between the two employment series in terms of identification of business cycle turning points in a multivariate setting. We use the dynamic factor model with regime switching applied to coincident economic variables, as in Chauvet (1998), Chauvet and Hamilton (2005) , and Chauvet and Piger (2008) , which is one of the most successful models in predicting turning points in real time. The model combines several coincident variables and extracts their co-movements into a single common factor. This latent factor follows a two-state Markov switching process, capturing the recession and expansion phases of the business cycle, as described below.
Dynamic Factor Markov-Switching Model
Let it y be the log level of the i th time series, and * it y be the first difference of it Y . The dynamic factor model with regime switching (DFMS) is: That is, the first difference of each series is made up of a component common to each series, given by the dynamic factor t c , and a component idiosyncratic to each series, given by it u . The common component is assumed to follow a stationary autoregressive process:
where t  is a normally distributed random variable with mean zero and variance 
where it  follows a normal white noise process with variance 2   , and
is a lag polynomial with all roots outside the unit circle. The model yields as output estimated probabilities of the regime at time t conditional on the data, denoted
, and a business cycle index, . Chauvet (1998) and Stock and Watson (1989) find that monthly ENAP is a lagging rather than a coincident variable, as it is necessary to introduce a high order autoregressive process to eliminate the misspecification in the measurement equation. Since this would amount to study a lagging indicator, Chauvet (1998) as the former presents a better performance in predicting turning points in real time than the latter, as discussed in the next section. These findings are in agreement with the evidence found in section 2, which shows that ENAP delivers delayed business cycle signals compared to TCE, especially with regards to troughs.
We estimate two versions of the DFMS model applied to the four coincident series described above: one using TCE as the employment series, and another with TCE replaced by ENAP. We use Kim's filter (1994) to estimate the model and to obtain the probabilities of recession at time t conditional on the full sample data, denoted ). | 1 ( T S P t  Table 4 shows the maximum likelihood estimates. The model identifies two regimes that correspond to business cycle recessions and expansions. As found in the univariate analysis, both expansions and recessions are more accentuated when the model is estimated with ENAP compared to the version using TCE. However, differently from the univariate analysis, the coefficient of variation as measured by the metric
is very close for both specifications, indicating that they yield similar signal to noise ratios. Figure 5 plots the smoothed probabilities of recession from the multivariate DFMS model using the four coincident series described above, with TCE as the employment series, whereas Figure 6 shows the probabilities of recession obtained when TCE is replaced by ENAP. The shaded areas represent recessions as dated by the NBER. The transition probabilities (Table 4) and the probabilities of recession also indicate that recessions are longer when using ENAP series than with TCE series.
The probabilities of recession from the different specifications closely match NBER expansion and recession phases. That is, ) | 1 ( T S P t  is high during recessions and low during expansions. However, in contrast with the univariate analysis of the TCE series, the multivariate DFMS with TCE yields probabilities of recession that are in close agreement with the NBER dating for both the first and the second part of the sample. On the other hand, as in the univariate analysis, the probabilities of recessions from the ENAP specification also exhibit a marked different pattern in the last three recessions compared to the first part of the sample. In particular, the probabilities of recession only decrease long after the end of these recessions as determined by the NBER. In order to obtain specific turning points dates, we again use a simple rule to convert the recession probabilities into a 0/1 dummy variable that defines whether the economy is in an expansion or recession regime at time t. The first month of a recession (expansion) phase is identified as the first month t for which the probability of recession (expansion) moves above
then t is the peak date for this recession phase. A similar procedure is implemented for a trough date. Tables 5 and 6 show the business cycle dating from the multivariate DFMS model with the four series described above using, respectively, TCE and ENAP as the employment series. The first and fourth columns of both tables report the NBER dating of business cycle peaks and troughs, respectively. The second and fifth columns give the business cycle peaks and troughs assigned by the DFMS model, respectively. The third and six columns give the lead or lag time of the turning point dating assigned by the DFMS model compared to the NBER dating.
We begin with Table 5 , which shows the results for the DFMS model using TCE. The DFMS model identifies all fifteen turning points in the sample, each of which corresponds to a NBER turning point, with no missing signals. The DFMS model also identifies these turning points with a high level of accuracy. In particular, for thirteen out of the fifteen turning points, the dates identified by the model are within one month of the NBER dates. The most distant turning point is the peak of the 2001 recession, in which the date identified by the model is four months prior to the NBER date. Stock and Watson (2010) show that several formal models for dating turning points also indicate that the peak of this recession might have occurred earlier.
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For the most recent recession, the DFMS model using TCE identify the peak as in December The performance of the DFMS model using ENAP is quite different compared to the specification using TCE, as reported in Table 6 . In several instances, the DFMS model identifies turning point dates with a discrepancy of three or more months compared to the NBER dating, with a maximum discrepancy of nineteen months. In the first part of the sample, the DFMS with 
Real Time Multivariate Analysis
In this section, we evaluate how the use of the different employment series can affect the performance of the DFMS model in predicting turning points in real time. We implement a similar real time exercise as in Chauvet and Hamilton (2005) and Chauvet and Piger (2008) .
Data Set
We use a combination of the real time dataset collected in Chauvet (1998), Chauvet and Hamilton (2005) , and Chauvet and Piger (2008) . Real time data for PILTP and MTS were hand collected as part of a larger real-time data collection project at the Federal Reserve Bank of St.
Louis and first used in Chauvet and Piger (2008) . The ENAP and IP data series were obtained from the Federal Reserve Bank of Philadelphia real time data archive described in Croushore and Stark (2001) . The real time data for TCE were hand-collected as part of Chauvet (1998) and Chauvet and Hamilton's (2005) In order to assess the real time performance of the multivariate model using the two different measures of employment, we apply the DFMS model described in section 3.1 to the real-time data set described above. The business cycle model is estimated on the end of each month, which is soon after the release of MTS data for that monthly vintage, and recursive real time probabilities of recessions are computed.
Real Time Analysis of Turning Points of the DFMS Model using ENAP and TCE
We now turn to the real-time performance of the DFMS model using the alternative measures of employment. We evaluate the differences between the two specifications in , where T  corresponds to the information available in the month in which the probability was calculated (vintage R), which uses the final data point information available, 2  R -the last month for which data are available for MTS. These probabilities are recursively estimated using just-in-time information, which includes unrevised and preliminary data. Since these probabilities use real time information, they also reflect the uncertainty about the economy at each month.
As in the previous section, we use the simple rule of 50% as the threshold indicating the transition between business cycle phases. This rule yields a fast assessment on the state of the economy. . This is consistent with findings in Chauvet and Hamilton (2005) and in Chauvet and Piger (2008) . 
2007-2009 Recession

Conclusions
This paper examines the implication for prediction of business cycle phases of recent changes in the cyclical behavior of employment. Nonlinear univariate and multivariate models show that the most important discrepancies between the two main employment series --employees on non-agricultural payrolls (ENAP) and total civilian employment (TCE) occur around transitions of business cycle phases. In particular, the employment series used by the NBER, ENAP, has displayed a very slow recovery in the last three recessions, while TCE has exhibited a more swift recovery.
The conflicting information from the employment series has significantly contributed to the uncertainty about economic conditions during recessions and recoveries. The jobless recoveries measured by payroll employment and their real significance in terms of gauging the strength or weakness of labor market conditions and aggregate economic conditions on a timely basis is a crucial issue as they have played an important role in influencing economic agent's decisions as well as monetary and fiscal policy, as illustrated in the recent economic downturn.
We find that the identification of business cycle turning points, especially troughs, is sensitive to the measure of employment utilized. This is the case not only when unrevised real time data are considered, but also for fully revised data. In particular, the nonlinear multivariate dynamic factor model that includes TCE yields more precise and faster identification of business cycle troughs than the specification of this model that includes instead payroll employment.
The cyclical differences between these series may be related to the nature of these series and the facet of the labor market that they measure, but are also possibly related to potential structural changes in the labor market in the recent decades. We are currently examining in an on-going project the possible economic causes of the divergences between payroll employment and total civilian employment, the possible implications for the most recent as well as for future recessions and recoveries, and the potential implications for implementation of monetary and fiscal policies. 
